ABSTRACT: Feed intake and efficiency are economically important traits because feed is the greatest variable cost in beef production. Feed efficiency can be measured as residual feed intake (RFI), which is the difference between actual DMI of an animal and the expected DMI based on its BW and growth rate. Feed conversion ratio (FCR) is the inverse of gross feed efficiency and is the ratio of DMI to ADG. A total of 2,633 SNP across the 29 bovine autosomes were analyzed in 464 steers sired by Angus, Charolais, or Alberta Hybrid bulls for associations with RFI. A total of 150 SNP were associated with RFI at P < 0.05 of which 23 were significant at P < 0.01. Nine of the SNP pairs show high linkage disequilibrium (r 2 > 0.80), so only 1 of the SNP pairs was used in further multiple-marker analyses. Two methods were used to create a panel of SNP that were maximally informative for RFI based on the data. In the first method, 141 unique SNP were combined in a single multivariate model and a backward elimination model was used to drop SNP until all SNP left in the model were significant at P < 0.05. The SNP had greater effects when combined in the multivariate model than when tested individually. In the second method, the estimates from the 141 SNP were used to
create a sequential molecular breeding value (MBV) according to the compound covariate prediction (CCP) procedure. The sequential MBV was built by adding the estimated effects one at a time, but only keeping SNP effects in the sequential MBV if the test statistic and the proportion of variance explained were improved. Predictabilities of the 2 methods were compared by regressing RFI on a final MBV created from SNP that remained in each analytical model. The MBV from the compound covariate prediction model produced an r 2 of 0.497, whereas the multivariate model MBV had a decreased r 2 of 0.416. The significant SNP were also tested for associations with DMI and FCR. The SNP showed different combinations of associations with the 4 traits, including some that were only associated with RFI. About 9.5% of the SNP from the 2 models were within 5 cM of previously identified RFI QTL and pinpoint areas to further explore for positional candidate genes. In conclusion, this study has identified a panel of SNP with significant effects on RFI that need to be validated in an independent population and provides continued progress toward selecting markers for use in marker-assisted selection for feed efficiency in beef cattle.
INTRODUCTION
Feed is the greatest variable cost in beef production, making feed intake and feed efficiency important economic traits to study. As well, an improvement in feed efficiency has been shown to reduce methane production, making the study of feed efficiency important to reduce the environmental impact of the beef industry (Nkrumah et al., 2006; Hegarty et al., 2007) .
Feed efficiency has been measured in several different ways. The current method is to measure it as residual feed intake (RFI) or net feed efficiency, which is the difference between actual feed intake and the predicted feed intake of an animal based on growth and BW of an animal over a time period (Koch et al., 1963; Whole genome single nucleotide polymorphism associations with feed intake and feed efficiency in beef cattle al., 1999) . Feed efficiency has also been measured traditionally as feed conversion ratio (FCR), which is the ratio of feed to BW gain. Whereas selection to improve FCR is beneficial in growing animals, it does not always lead to an improvement in feed efficiency over the whole production system because selection against FCR can also produce larger animals, due to greater emphasis on ADG in the breeding herd, which is more expensive to maintain (Archer et al., 1999) . Unlike FCR, RFI is phenotypically independent of the production traits used to compute it (Kennedy et al., 1993) , and thus, it does not have the same drawbacks as FCR and may therefore reveal variation in basic metabolic processes in the animals that determine efficiency (Archer et al., 1999; Arthur et al., 2001b) . Recently, RFI has been the target of several studies to identify genetic markers. Many QTL have been identified throughout the cattle genome (Nkrumah et al., 2007b; Sherman et al., 2009) , and SNP associated with RFI have been identified (Sherman et al., 2008) . As well, a whole genome association (WGA) study by Barendse et al. (2007) identified many SNP throughout the bovine genome associated with RFI. In the current study, we have also performed a WGA study to identify new SNP associated with RFI.
MATERIALS AND METHODS
This study was carried out and all animals cared for according to the guidelines of the Canadian Council on Animal Care (CCAC, 1993) .
Animals and Data Collection
The animals used in this study were 464 steers sired by Angus, Charolais, or Alberta Hybrid bulls crossed to Hybrid dams and are further described in Nkrumah et al. (2007a) . Briefly, the hybrid animals are from 3 composite lines. One line was composed of 33% each of Angus and Charolais, 20% Galloway, and the remainder from other beef breeds; another line was composed of about 60% Hereford and 40% other beef breeds; and the last line was composed of approximately 60% dairy breeds (Holstein, Brown Swiss, or Simmental) and 40% beef breeds (mainly Angus and Charolais).
Animals were weighed every 2 wk and feed intake measurements were collected over 6 different 84-d feedlot tests spanning 3 yr using the GrowSafe system (GrowSafe Systems Ltd., Airdrie, Alberta, Canada). The test procedures and diet are further described in Nkrumah et al. (2007a) . Briefly, the diet in yr 1 was composed of 80% dry-rolled corn, 13.5% alfalfa hay pellet, 5% beef feedlot supplement (32% CP beef mineral supplement containing 440 mg/kg of monensin, trace minerals, and vitamins), and 1.5% canola oil, which was 88.9% DM supplying 2.90 Mcal/kg of ME and 12.5% CP. The test diet in yr 2 and 3 contained 64.5% barley grain, 20% oat grain, 9.0% alfalfa hay pellet, 5.0% beef feedlot supplement, and 1.5% canola oil, which was 90.5% DM supplying 14.0% CP and 2.91 Mcal/kg of ME.
Traits
Data from feed intake measurements from a 70-d test period were used to calculate the average DMI. Feed conversion ratio was calculated as the ratio of DMI to ADG, which was derived using a linear regression of BW measurements taken throughout the test period on time. Residual feed intake was calculated as the difference between DMI of each animal and its predicted feed intake, which is calculated using a phenotypic regression of DMI on metabolic BW and ADG (Arthur et al., 2001a; Crews, 2005) . These traits are further described in Nkrumah et al. (2007a) .
Genotypes and Analysis
Genotyping of the SNP was done using the Illumina GoldenGate assay (Oliphant et al., 2002) on the BeadStation system (Illumina Inc., San Diego, CA). In total, 2,633 SNP were analyzed. The locations of these SNP are from a composite map from whole-genome radiation hybrid and linkage maps (Snelling et al., 2007) . The single SNP analysis was done using a general linear mixed model (PROC Mixed, SAS Inst. Inc., Cary, NC). The model included random effects of sire and fixed effect of contemporary group, which is a concatenation of test group and sire breed. The model also included a fixed linear covariate of age of animal on test. The single point estimate of the effect of each SNP was included in the model as a regression of the phenotype on the number of copies of one of the alleles of the marker. Significance thresholds for P-values were determined using 30,000 permutations (Churchill and Doerge, 1994) . Empirical false discovery rate (FDR) was calculated using the formula FDR = mP (i) /i, where m is the total number of tests, P (i) is the P-value at rank i when the P-values are ranked from least to greatest (Benjamini and Hochberg, 1995; Weller et al., 1998) . The SNP that had significant allele substitution effects (P < 0.05) were then further analyzed. Linkage disequilibrium (LD) was tested in a pair-wise fashion for these SNP that were found to have significant effects on RFI using the measure r 2 (Devlin and Risch, 1995) as implemented in SAS in an EM algorithm. For SNP pairs with an r 2 > 0.80, only 1 SNP was used in further analyses, based on the strength of the single point associations and the minor allele frequencies. To create a panel of SNP that were maximally informative for RFI, 2 methods were used. First, a multivariate model was used with a backward stepwise elimination process where all selected SNP from the single point associations were fitted simultaneously in a model and the SNP with the greatest nonsignificant P-value dropped from the model until all of the SNP left in the model were significant at the P < 0.05 threshold. The partial regression coefficients, representing allele substitution effects adjusted Table 1 . In the second method, a sequential molecular breeding value (MBV) for RFI was created for each animal using the estimated effects for each SNP in the single point analyses, based on a modified version of the compound covariate regression procedure as proposed by Tukey (1993) . A compound covariate is the linear combination of individual covariates (SNP) that have been shown to be univariately significantly associated with the trait in question at a predetermined statistical threshold value. Thus, starting with the most significant SNP, the sequential MBV is tested using the same model as the single SNP analysis. The sequential MBV is then built up systematically by adding in the effect of the next most significant SNP to the existing sequential MBV. If the SNP does not increase the test statistic, it is not included in the model. Missing genotypes were given the average effect, the same as a heterozygous animal, to avoid losing the animals from the analysis due to aggregation of missing genotypes over multiple markers. The average frequency of missing genotypes per marker was less than 2%.
To compare the 2 methods, an MBV was also built using the SNP from the multivariate model. The MBV and the sequential MBV were correlated and RFI was regressed on each MBV to compare which panel of markers best predicts RFI.
RESULTS AND DISCUSSION
The SNP positions, allele substitution effects for RFI, DMI, and FCR for the SNP in common to both the sequential MBV and multivariate models are shown in Table 1 . This WGA study analyzed 2,633 SNP across 29 bovine autosomes with an average of 90.7 SNP/chromosome. These SNP had an average spacing of 1.01 cM. One-hundred fifty SNP were identified with allele substitution effects of P < 0.05 on RFI. Of these 150 SNP, 23 were P < 0.01 and 2 were P < 0.001. Because many tests were performed, empirical estimates of FDR were also calculated. At the P < 0.05 level, the FDR was 86.6%, but this value must be interpreted with caution because this analysis assumes that all of the SNP tested for association are independent, which is Allele substitution effect is the effect of substituting one allele in the population with the other allele (Falconer and Mackay, 1996) . For this analysis, the SNP were recoded as 2, 1, and 0, and the effect was calculated as the parameter estimate for the SNP as a covariate during analysis.
4
P-value based on single SNP analysis. Levels of significance are indicated as ***P < 0.001, **P < 0.01, *P < 0.05. not true in practice. When the nominal P-values were adjusted while taking the FDR value into consideration, none of the nominal probabilities reached significance at the P < 0.05 level.
Because using empirical FDR to control for multiple tests is very stringent and probably inappropriate because the SNP effects are not independent, 2 other methods were used to demonstrate how one could arrive at a panel of SNP from the 150 SNP that were maximally informative for RFI. First, LD was tested between the 150 SNP. Nine pairs of SNP were found to have increased LD with r 2 > 0.80 (Carlson et al., 2004) , so one SNP from each pair was eliminated from further analysis, taking into account the call rate and the minor allele frequency of the SNP. These 141 SNP were then further analyzed.
The first method to find the panel of RFI SNP combined the 141 SNP in 1 multivariate model and then SNP were eliminated until all SNP remaining in the model had effects significant at the P < 0.05 level. A total of 32 SNP remained in the multivariate model. These SNP were located on 20 of the 29 bovine autosomes. No SNP on BTA 5, 13, 14, 16, 17, 20, 21, 22, or 27 remained in the multivariate model. These 32 SNP in the multivariate panel accounted for 36.5% of the phenotypic variation in RFI. The largest single marker effect was −0.308 kg/d ± 0.136 from SNP rs29015791 > C:T on BTA 15 at 59.6 cM. The smallest effect from an individual SNP from the multivariate model was −0.100 ± 0.048 from SNP rs29025433 > C:T on BTA 1. The most significant effect with a P-value of 8.68 × 10 −7 was SNP rs41605841 > A:G on BTA 10 at 15.2 cM. Comparing these estimated SNP effects from the multivariate model to the effects estimated from the single point analyses, it is clear that the estimates of the effects were associated with greater P-values when analyzed individually than in the multivariate model (Table 1) . Indeed, in some instances, the most significant SNP from the multivariate regression are the SNP that were the least significant from single point analyses and could have been rejected if a more stringent threshold had been applied.
One of the problems with a multivariate model is the reduction of power from the loss of degrees of freedom due to the many SNP or fixed effects included in the model, as well as from loss of animals due to missing genotypes (Tukey, 1993) . To avoid these issues, another method was employed to find the best SNP panel. In this method each animal is given a sequential molecular breeding value (sequential MBV) based on its SNP genotypes and the effect of the SNP estimated during the initial single SNP analysis. The sequential MBV is built up sequentially 1 SNP at a time starting with the most significant SNP and adding in the effects of the next SNP only if the test statistic is increased. This method identified 79 SNP, which created the best panel and explained 37.3% of the phenotypic variation in RFI, with the least P-value. These SNP cover 27 of the 29 bovine autosomes; only BTA 20 and 21 did not have any SNP in the sequential MBV panel. The largest single marker effect was from SNP rs29015791 > C:T on BTA 15 at 59.6 cM, which was also the largest effect for the multivariate model. The SNP with the smallest effect in the sequential MBV panel was −0.106 ± 0.052 from SNP rs29023329 > C:T on BTA 19. The most significant effect with P = 0.0003 was SNP rs29014547 > C:T on BTA 7 at 52 cM, which was also the SNP with the most significant effect of the 150 SNP initially identified. This SNP was not part of the multivariate panel.
Between the 2 methods, only 5 SNP from the multivariate set were not identified in the sequential MBV panel and 52 SNP were not in the multivariate panel that were included in the sequential MBV panel. This leaves 27 SNP that were common to both panels, as shown in Table 1 . To compare the 2 methods, an MBV was also created with the 32 SNP from the multivariate model. The sequential MBV was also re-analyzed using the 79 SNP, but with missing genotypes left as missing. A model regressing RFI phenotypes on the different MBV was then fitted. The 79 SNP panel MBV resulted in r 2 = 0.497 and the 32 SNP multivariate MBV in r 2 = 0.416. The plots of the regressions are shown in Figure  1 . A Spearman rank correlation was also estimated between the 2 MBV and RFI. The 79 SNP MBV resulted in r = 0.670 and the 32 SNP MBV in r = 0.622. The results of the stronger regression and greater correlation obtained from the 79 SNP sequential MBV with RFI show that they form a SNP panel that might better predict RFI compared with the 32 SNP from the multivariate method. From a purely economic viewpoint, it may be argued that the 32-SNP multivariate panel was more parsimonious than the sequential MBV model. However, the true advantage of the sequential MBV model might be its ability to reveal the potential contribution of small, but independent, effects of additional markers that would otherwise be rejected due to overfitting of multivariate models.
Although testing SNP individually is an important step in identifying potentially useful markers, these results demonstrate how important it is to test the SNP together as well. First, testing the SNP simultaneously will give more biologically relevant results, in terms of the ability of the set of markers to predict a phenotype, over testing the SNP individually, because the goal of marker assisted selection is to estimate the effects of as many SNP as possible that may have contributed to the expression of the phenotype at one time or the other in the animal. Second, running all of the SNP in one model or creating the sequential MBV and testing it reduces the number of tests to one. Some power is lost in the multivariate model, but this is avoided using the sequential MBV method, as only the one MBV is tested instead of the multiple SNP as in the multivariate model. Third, testing SNP individually versus in a combined model also demonstrates how using very stringent cutoff levels of P-values can potentially eliminate useful markers from further analysis. For instance, SNP that were barely significant with P-values around Feed efficiency single nucleotide polymorphisms in beef cattle 0.046 remained in both panels, but 3 of the SNP with P < 0.01 were not in either panel. Because the SNP in increased LD were removed before the multivariate and sequential MBV panels were formed, these SNP with decreased P-values were not excluded due to shared effects through LD.
Similar to the SNP not acting in isolation within an animal, the phenotypes are not independent either. Residual feed intake has high correlations with DMI and FCR. The SNP from both panels were also tested for associations with DMI and FCR (Table 2) . Even though these traits are highly genetically correlated, only 8.3% of the SNP were associated with all 3 traits, 39.3% with DMI and RFI, but not FCR, and 25.0% with FCR and RFI, but not DMI. Approximately 45% of the SNP were associated with only RFI from these 2 panels. As well, one reason RFI is preferred over FCR is its phenotypic independence with ADG, whereas FCR is strongly correlated with ADG. The SNP from the 2 panels were also tested against ADG, and 5 SNP had significant associations (P < 0.05) with ADG (rs29010919 > A:G, rs29025433 > C:T, rs29017229 > C:T, rs43708521 > A:C, and rs29010226 > C:G). Three of these SNP (rs29017229 > C:T, rs29010226 > C:G, and rs43708521 > A:C) were also associated with FCR and the other 2 (rs29010919 > A:G and rs29025433 > C:T) were also associated with DMI. None of the other SNP from the panels were associated with all 4 traits. These results demonstrate that markers may have pleiotropic effects on different traits, even if the traits themselves are not correlated, and evaluating a SNP for only one trait can lead to undesirable correlated responses if used in breeding programs.
To further evaluate the findings of this study, the results should be compared with other genetic studies of RFI in cattle. Several studies have identified SNP and QTL that affect RFI throughout the bovine genome (Barendse et al., 2007; Sherman et al., 2008 Sherman et al., , 2009 . Another WGA study identified 161 SNP associated with RFI out of a total of 8,786 polymorphic SNP tested (Barendse et al., 2007) . One of these 161 SNP matched a SNP from our sequential MBV panel, SNP rs29022779:C > T on BTA 1. Three other SNP were concordant from the initial 150 SNP we identified with P < 0.05 and those from Barendse et al. (2007) . These SNP are rs29009843:C > T on BTA 6, rs29025709:A > G on BTA 6, and rs29010143:C > T on BTA 29. One possible reason why there was low degree of concordance between the 2 studies could be due to the fact that the cattle used in the different studies were adapted to different climates (Australia vs. Canada) and, therefore, may have different genotype × environment interactions. This also raises the importance of validating SNP in diverse cattle populations in different environments or limiting their future use to similar types of cattle in similar climates.
Further sequence analysis based on SNP location revealed 38 of the SNP from the 2 panels were located in genes, but of these, 35 are intronic. The 3 SNP that are in coding regions were only in the sequential MBV panel, and of these 3, only 1 produced a nonsynonymous change, rs29016422 > C:T in the CNTN1 gene, which is a part of cell adhesion molecules. The genes that contained the SNP that were in common between the 2 panels are included in Table 3 . Looking at the functions of the genes the SNP are located in, no common theme is apparent. The genes are important in cellular functions related to cell cycle control, metabolism, and olfaction. The protein products of these genes are also located throughout many different areas of the cell, from the nucleus to the intracellular area to organelles. Although it is possible that the intronic SNP are in LD with a SNP in the coding or promoter regions of the genes and is picking up the effects of those unknown mutations, caution should be used when trying to link Residual feed intake QTL closest in position to the SNP as identified in Sherman et al. (2009) . The QTL experimental threshold levels are indicated as **P < 0.01, *P < 0.05, †P < 0.10. 4 This SNP does not have a dbSNP identifier but is documented in GenBank sequence AF440377.
Feed efficiency single nucleotide polymorphisms in beef cattle SNP to nearby genes because proximity alone is no real indication that the SNP is connected to that gene.
A QTL analysis for RFI was also previously performed using these data (Sherman et al., 2008 (Sherman et al., , 2009 . The location of the reported RFI QTL nearest to each of the SNP is shown in Table 3 . Approximately 27.4% of the SNP are less than 20 cM away from the proposed location of an RFI QTL and 9.5% of the SNP were within 5 cM from the proposed location of an RFI QTL. Three of the SNP are less than 1 cM from the proposed location of an RFI QTL; rs29013464 > A:G on BTA 25, rs29011506 > A:C on BTA 24, and rs43702451 > C:T on BTA 3. As well, of the SNP previously identified under a QTL (Sherman et al., 2008) , only SNP rs17872022 > G:A on BTA 29 was in both the sequential MBV model and the multivariate regression model. The high concordance between the SNP that were less than 5 cM away from the location of a proposed QTL pinpoints regions to further explore for candidate genes in future analysis.
In conclusion, this study identified 150 SNP that have significant allele substitution effects on RFI when tested individually. Two panels of SNP were chosen from these SNP. One panel was created from a multivariate model with 32 SNP and account for 36.5% of the phenotypic variation in RFI. The other panel created from the sequential MBV method identified 79 SNP, which explain 37.3% of the phenotypic variation in RFI. Twenty-seven of the SNP are common to the 2 panels. Although only 1 SNP was identified in a previous WGA study (Barendse et al., 2007) , 9.5% of the SNP from the 2 panels are within 5 cM of previously identified RFI QTL (Sherman et al., 2008 (Sherman et al., , 2009 . These markers represent an important step toward future application in marker-assisted selection for improved feed efficiency in beef cattle.
